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a b s t r a c t
The mammalian CNS is one of the most complex biological systems to understand at the molecular level.
The temporal information from time series transcriptome analysis can serve as a potent source of
associative information between developmental processes and regulatory genes. Here, we introduce a
new transcriptome database called, Cerebellar Gene Regulation in Time and Space (CbGRiTS). This
dataset is populated with transcriptome data across embryonic and postnatal development from two
standard mouse strains, C57BL/6J and DBA/2J, several recombinant inbred lines and cerebellar mutant
strains. Users can evaluate expression proﬁles across cerebellar development in a deep time series with
graphical interfaces for data exploration and link-out to anatomical expression databases. We present
three analytical approaches that take advantage of speciﬁc aspects of the time series for transcriptome
analysis. We demonstrate the use of CbGRiTS dataset as a community resource to explore patterns of
gene expression and develop hypotheses concerning gene regulatory networks in brain development.
Crown Copyright & 2014 Published by Elsevier Inc. All rights reserved.
Introduction
One of the most daunting biological research challenges is
understanding how a genome consisting of 3104 genes guides
the development of the most complex of organ systems—the
mammalian brain. In the case of humans, this complex system is
composed of over 1011 cells with at least 103 different cell types,
each with special molecular signatures and relations with other
cells and brain regions. Although these cells begin as a histologically
homogeneous sheet of neuroepithelial cells, they progressively
divide into numerous cellular cohorts that are highly differentiated
from each other in terms of morphology and functional potential.
As these events occur according to a developmental timeline,
time series transcriptome analyses can provide rich information
regarding observed developmental events and underlying regula-
tory genes. The pioneering work of Davidson and colleagues, to lay
out the gene regulatory networks of the developing endomesoderm
of the sea urchin (Davidson and Erwin, 2006), emboldened us to
start along that path for the mammalian brain. We have now
ﬁnished the ﬁrst major step with the creation of a developmental
time series transcriptome analysis for the cerebellum, a brain region
that may be the most tractable due to its simple laminar structure
and limited number of neuronal types. The cellular composition,
key molecular players, and structural and functional aspects of the
developing cerebellum has been extensively studied (Hatten et al.,
1997; Goldowitz and Hamre, 1998; Wang and Zoghbi, 2001). There
are two main cell types that receive input to the cerebellar cortex:
the granule cell, which is the most numerous neuron in the brain,
and the Purkinje cell, which is the sole output of the cerebellar
cortex. Although relatively simple in structure, the cerebellum has
been shown to be important for higher cognitive function (Pernet
et al., 2009) and has been implicated in several neurocognitive
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disorders such as autism (Nayate et al., 2005; Tsai et al., 2012),
schizophrenia (Andreasen and Pierson, 2008), and Fragile X
(Koekkoek et al., 2005; Huber, 2006).
The number of identiﬁed genes known to be critically involved
in cerebellar development has grown by more than an order of
magnitude over the last 15 years, from about 15 genes (Goldowitz
and Hamre, 1998) to over 200, and the number continues to grow
(MGI and PubMed search terms: cerebellum, development, gene
and knockout). But even this number of genes is only 1% of the
genome. Microarray technology permits the analysis of whole
transcriptomes, but typically only provides single snapshots of
gene expression (Storey et al., 2005). Understanding the interplay
of genes in development requires a more dynamic approach such
as time series analysis (Bar-Joseph, 2004; Klevecz et al., 2007).
Previously, time series transcriptome analyses have been pub-
lished for mouse postnatal cerebellum and human prefrontal
cortex (Sato et al., 2008; Colantuoni et al., 2011). Sato et al.
(2008) generated a mouse cerebellum transcriptome database
from 5 largely postnatal time points by sampling E18, P7, P14,
P21 and P56 and Colantuoni et al. (2011) explored the temporal
dynamics and genetic control of transcription in human prefrontal
cortex samples that covers much of human developmental time.
While these studies depict dynamic transcriptomes for the devel-
oping mammalian brain, they either do not sample from time
periods where key early developmental events occur or the
temporal resolution and sample size are limited compared to the
time window covered. Here we report a novel time series
transcriptome database that spans critical embryonic as well as
postnatal cerebellar developmental times. We performed micro-
array analysis on whole cerebellar tissues from two inbred strains
of mouse [C57BL/6J (B6) and DBA/2J (D2)] at 24-hour intervals in
embryonic development from embryonic day 12 (E12) to postnatal
day 0 (P0), and at 3-day intervals from P0 to P9 in the postnatal
period, and recombinant inbred mice between these two geno-
types (BXD RI lines) at 3–7 representative time points (E12.5,
E15.5, E18.5, P0, P3, P6 and P9), and three mutant lines of mice
whose mutant genes are known to target a single cell type of
cerebellum, the cerebellar granule cell at E15.5 (Math1 KO and
meander tail mutant) or at E13.5, E15.5 and E18.5 (Pax6 KO). We
illustrate the use of this developmental time series transcriptome
data with three bioinformatics analyses: differential equation
modeling to predict transcript on and off time, paraclique analysis
to identify genes with similar dynamics, and dynamical system
modeling to infer transcriptional causal relationship from the time
series data. We also demonstrate the utility of a new web-based
toolkit called Cerebellar Gene Regulation in Time and Space
(CbGRiTS) as a data exploration and analysis platform for studying
gene regulatory networks in cerebellar development.
Results
In the “Results” section, we present three main sections. First, we
will describe the CbGRiTS time course microarray datasets. Second, we
will present the three informatic and statistical analyses that take
advantage of the time series dataset and provide illustrations about
how the dataset can be utilized. Finally, we describe the CbGRiTS web-
based tools as a community resource.
Time series microarray analysis of the developing cerebellum
A genome-scale microarray analysis was conducted using the
Illumina MouseWG-6 v1 Expression BeadChip platform on pooled
RNA samples from microdissected whole cerebellar tissues (3–10)
from B6 and D2 strains at 24-hour intervals from E12 to P0 and
then every 3 days until P9 (Fig. 1A). We collected our samples from
timed-matings to minimize developmental noise. The reliability
among biological replicates (typically N¼3) was examined by calcu-
lating the Pearson correlation coefﬁcient between replicates in each
group. The median correlation coefﬁcient was 0.99 and the chips with
correlation coefﬁcient of lower than 0.97 were discarded (Fig. 1B).
After eliminating individual chips with low ﬁdelity, each time point
contained 3 biological replicates except the E14 time point of B6
(N¼2) and P9 of D2 (N¼1). In the time series data, of the 46,632
probe sets in the Illumina platform, 24,257 probes were signiﬁcantly
different (factorial ANOVA, false discovery rate 5%) from the median
signal intensity at one or more time points, which indicates that more
than half of the transcripts (52%) queried with the microarray platform
were dynamically expressed during cerebellar development. In con-
trast, only 7141 probes showed different temporal expression pattern
between the two strains (false discovery rate 5%). These differentially
regulated genes are the candidate genes that may underlie strain
differences in cerebellar development and function.
Hierarchical clustering analysis was performed on the time series
data and clearly divided the data into three groups (Fig. 1C): early
embryonic stage (E12–E14), late embryonic (E15–E19) and postnatal
stage (P0–P9). These groupings likely reﬂect major changes in the
transcriptome landscape of the developing cerebellum that are
reﬂected in signiﬁcant morphogenetic changes associated with devel-
opment. To explore this further, we performed a Gene Ontology
enrichment analysis with the top 150 genes that showed upregulation
in each time window compared to the rest of time points (Table 1). At
E12–E14, the ventricular and rhombic lip neuroepithelia produce the
Purkinje and future granule cells, respectively, and the cerebellar
nuclear neurons leave the rhombic lip region to colonize the nuclear
transitory zone. The enrichment analysis showed that the GO terms
such as transmission of nerve impulse, cell–cell signaling and cellular
ion homeostasis were highly enriched during this time window
(Table 1). Cell–cell signaling would be required for appropriate
neuronal speciﬁcation and migration (Goldowitz and Hamre, 1998;
Wang and Zoghbi, 2001), and neural transmission and ion home-
ostasis is critical for neuronogenesis (Wang and Kriegstein, 2009); two
key developmental events occurring in this time frame. At E15–E19,
the future granule cells colonize the external germinal layer (EGL) via
tangential migration and cerebellar nuclear neurons and Purkinje cells
have migrated to form the cerebellar nuclei and Purkinje cell plate,
respectively. Interestingly, the number of differentially regulated genes
in this period (n¼1248) was smaller compared to the early embryonic
(n¼1962) and postnatal periods (n¼1817) and many of the GO terms
enriched during this time windowwere related to chromatin/chromo-
some organization (Table 1). The development of the large cerebellar
nuclear neurons and Purkinje cells may need upregulation of nucleo-
some assembly or chromosome organization-related genes (Martou
and De Boni, 2000; Vadakkan et al., 2006). Finally, the P0–P9 period is
marked by dendritic expansion of Purkinje cells and the elaboration of
parallel ﬁber axons by the numerous granule cells that start to make
synapses with Purkinje cells. In support of these processes, the GO
terms enriched during postnatal time points were neuron differentia-
tion, neuron development and cell migration (Hatten et al., 1997;
Goldowitz and Hamre, 1998; Wang and Zoghbi, 2001) (Table 1). Thus,
the hierarchical clustering and GO term enrichment analyses highlight
the major temporal divisions of cerebellar development and ongoing
biological processes in each time window. To facilitate resource
sharing, the CbGRiTS microarray data resource is publicly available at
www.cbgrits.org (GEO accession number GSE60437).
Temporal expression pattern of cerebellar neuronal type markers
As our microarray time series data demonstrated, more than
half of the genes tested were dynamically regulated during
cerebellar development. The developmental time and time win-
dow of gene expression would presumably be an indication of a
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Table 1
Gene ontology analysis for the enriched genes in three time windows of cerebellar development.
Time window GO term # of genes Fold enrichment P-value
Early embryonic Transmission of nerve impulse 15 8.64 1.55E09
E12–E14 Cellular ion homeostasis 14 7.07 7.14E08
Cell–cell signaling 13 5.83 1.96E06
Neuron differentiation 10 3.30 0.003
Regulation of apoptosis 10 2.37 0.02
Late embryonic Regulation of transcription, DNA-dependent 23 2.86 5.84E06
E15–E19 Chromosome organization 14 6.46 1.98E07
Cell cycle 10 2.29 0.02
Nucleosome assembly 9 20.29 1.14E08
RNA splicing 6 4.17 0.01
Postnatal Neuron differentiation 12 5.29 1.28E05
P0–P9 Neuron development 10 6.00 3.62E05
Neuron projection development 9 7.28 2.85E05
Cell migration 8 5.86 3.89E04
Cell morphogenesis involved in neuron differentiation 7 6.71 5.66E04
Fig. 1. Overview of Cerebellar Gene Regulation in Time and Space (CbGRiTS) time series transcriptome dataset. (A) Timeline and portrayal of cerebellar development over
embryonic and postnatal development and the time points selected for time series microarray data collection. *The transcriptome data of BXD lines and cerebellar mutants
are limited to a few representative time points (BXD lines and Pax6 mutant) or a single time point (E15.5 for Math1 and Mea mutant). Large black dots: Purkinje cells, small
black dots: molecular layer interneurons, red dots: cerebellar granule cells and cerebellar nuclear neurons, orange dots: granule cell precursors. CN – cerebellar nuclei, EGL –
external germinal layer, IGL – internal granular layer, ML – molecular layer, NE – neuroepithelium, PL – Purkinje cell layer, RL – rhombic lip. (B) As a quality control step,
biological replicate chips were compared and correlation coefﬁcients were calculated. The correlation coefﬁcient ranged from 0.92 to 0.99. We removed chips with
correlation coefﬁcient value lower than 0.97 from our analysis, and this resulted in discarding 15% of total chips. An example of a high quality array chip (r¼0.99, upper
graph) vs. a low quality chip (r¼0.96, lower graph, discarded) is shown. X and Y axes are log2-transformed microarray intensity values. (C) Hierarchical clustering analysis
was performed on the C57BL/6J (B6) and DBA/2J (D2) time series cerebellum microarray data. The analysis produced three subgroups of early embryonic (E12.5–E14.5), late
embryonic (E15.5–E19.5) and postnatal stage (P0–P9). Both strains produced the same clustering outcome and only the clustering result of B6 strain is shown.
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gene's potential role during development, for example, when their
expression pattern is overlaid with a Gantt chart of the developing
cerebellum (Fig. 2A; see modeling temporal expression pattern).
The availability of many online in situ databases such as Allen
Brain Atlas (Lein et al., 2007), GenePaint (Visel et al., 2004) and
GENSAT (Heintz, 2004) greatly increases the utility of the time
series dataset and both databases complement each other nicely
for the purpose of exploring gene expression pattern over time
and tissue.
To demonstrate the utility of time series approach and validate
microarray dataset, we used qRT-PCR to examine the temporal
expression pattern of cerebellar neuronal type markers and
transcription factors; Pax6 for granule cell, Pvalb and Rora for
Purkinje cell and Tbr1 for cerebellar nuclear neurons (Fig. 2B). The
expression pattern of Pax6 during cerebellar development steadily
increased over time with a plateau at E18, which correlated well
with the proliferative nature of granule cells in cerebellum (Sato et
al., 2008; Ha et al., 2012). In contrast, the Purkinje cell marker,
Rora, showed rapid increase in expression level from E12 to E14
and remained at a high level through postnatal time points.
Interestingly, the expression of Pvalb, thought to be a Purkinje
cell marker in mature cerebellum, had a bimodal pattern of
expression (Fig. 2B). The ﬁrst wave of expression peaked at E15.5
in the EGL and slowly waned until birth while a second wave of
expression occurred postnatally and the expression was localized
in Purkinje cells (Allen Brain Atlas). The expression pattern of Tbr1,
a cerebellar nuclear neuron marker, shows a rapid increase and
peak at E14.5 and then a gradual decrease over time (Fig. 2B).
These examples of dynamic temporal expression pattern of
important neuronal markers and transcription factors are difﬁcult
to discover and demonstrate high temporal resolution and high
quality expression data as the strength of CbGRiTS time series
dataset for a community resource.
Application of informatic analyses with CbGRiTS data
Here we describe three informatics analyses applied to the
CbGRiTS data: differential equation modeling, paraclique analysis,
and comparative dynamical system modeling. All three take
advantage of time series aspect of the CbGRiTS data resource.
Modeling temporal expression pattern during cerebellar development
Three analytical approaches were employed to illustrate the
use of the temporal aspect of CbGRiTS time series data. First, we
employed differential equation modeling (DEM) to examine
expression patterns in the B6 and D2 time series data and predict
turn-on and -off times (inﬂection points) for dynamically
expressed genes (Sasik et al., 2002) (Fig. 3A). The application of
Fig. 2. The time series transcriptome dataset links developmental time with events in cerebellar development with gene expression. (A) Gantt chart of developmental
processes in cerebellum. The cerebellum is an ideal system to discover novel developmental regulatory genes by using the temporal correlation between gene expression and
developmental events due to the extended developmental time window and extensive knowledge on developmental processes and events. The developmental events and
processes are by no means exhaustive but are listed for illustrative purposes. (B) Temporal expression patterns of neuron-speciﬁc genes in cerebellar development and qRT-
PCR validation. To the left of each gene is the temporal expression proﬁle generated from CbGRiTS and to the right is the qRT-PCR expression pattern at speciﬁc time points
(E12.5, E15.5, E18.5, and P9) as a validation of microarray dataset. The selected genes have cell-type speciﬁc expression and exhibit dynamic expression pattern over
cerebellar development (Pax6 – granule cell precursors, Rora – Purkinje cells, Pvalb – EGL during embryonic time points and Purkinje cells in postnatal time points, Tbr1 –
cerebellar nuclear neurons). The microarray data and qRT-PCR showed the similar temporal expression pattern over time. Values on X-axis are time points and Y-axis log2
transformed, followed by a 2Zþ8 Z-score stabilized intensity values for microarray dataset (left panel) and relative quantity values with E12.5 expression level as 1 for qRT-
PCR data (right panel).
T. Ha et al. / Developmental Biology 397 (2015) 18–30 21
DEM on the B6 and D2 cerebellum data produced turn-on and -off
times for 564 genes with a zo0.1.
To demonstrate the utility of the DEM approach, we tested the
hypothesis that the expression of genes involved in the speciﬁca-
tion of early rhombic lip derivatives would coincide with the
developmental time window for genesis of cerebellar nuclear
neurons and granule cell precursors that arise from the rhombic
lip. For this, we queried the database for genes with signiﬁcant on/
off inﬂection points of E10.5–12.5 and E12.5–14.5, respectively
(Miale and Sidman, 1961; Machold and Fishell, 2005). This analysis
yielded a list of 150 potential candidates, whose expression time
window ﬁt the designated on/off inﬂection points (Fig. 3B). We
further reduced our candidate list to 5 potential regulators based
on congruence between the B6 and D2 temporal expression
patterns, more stringent Z-score and overall higher expression
level. Subsequent qRT-PCR analyses demonstrated concordance of
temporal expression pattern of CbGRiTS microarray data for the
selected genes (Fig. 3C) We used in situ hybridization against these
ﬁve genes to test whether they were expressed in the rhombic lip
and/or EGL – two appropriate regions of the cerebellum for
cerebellar nuclear neurons and granule cell precursors. Our
analyses conﬁrmed the localization of these transcripts to the
rhombic lip and/or EGL (Fig. 3D).
Paraclique analysis to cluster genes with similar expression proﬁles
during cerebellar development
Next, we explored our data to identify clusters of genes that
shared similar expression patterns with the idea that they may be
related to common developmental events in the cerebellum. To
this end, we employed paraclique analysis (Chesler and Langston,
2006) to identify sets of genes that share the same temporal
expression pattern. The paraclique algorithm clusters transcripts
based on correlated temporal expression patterns using graph-
based methods (Voy et al., 2006), with the underlying prem-
ise that common temporal expression patterns could be due to
Fig. 3. Prediction of initiation and termination of gene expression using differential equation modeling (DEM) analysis. (A) The gene expression dynamics from the time
series microarray data were modeled with a ﬁrst-order differential equation and the analysis produced predictions of gene turn-on and -off times. The upper panel provides
the observed temporal expression pattern. The lower panel is the DEM model ﬁt of the dynamic expression pattern. (B) To test the utility of the DEM approach, we pursued
genes that could be related to the speciﬁcation of early rhombic lip derivatives, including cerebellar nuclear neurons and granule cell precursors that colonize the EGL. To this
end, we input the on and off time window of E10.5–12.5 and E12.5–14.5 to Transcriptome Explorer to identify genes with signiﬁcant on/off inﬂection at points that coincide
with the genesis of cerebellar nuclear neurons and granule cell precursors. This analysis yielded a list of 150 candidate regulators of neuronal speciﬁcation for both cell types.
Expression level and more stringent Z-score ﬁlter narrowed our candidate list to 5 potential regulators of cell speciﬁcation. (C) qRT-PCR analysis was performed on cDNAs
derived from wildtype C57BL/6J null cerebella at E12.5, E13.5, E15.5, and E18.5. Left panel is the expression pattern from CbGRiTS microarray dataset and the right panel is
the qRT-PCR expression pattern on selected time points. Values on X-axis are time points and Y-axis log2 transformed, followed by a 2Zþ8 Z-score stabilized intensity values
(left panel) and relative quantity values with E12.5 expression level as 1 (right panel). The microarray data and qRT-PCR showed the same trend of down-regulation over
time. (D) In situ analysis of candidate genes. We performed in situ hybridization analysis of the ﬁve candidate genes and found that all ﬁve genes showed positive expression
in the EGL of the developing cerebellum at E15.5. Arrows indicate positive in situ staining in the EGL. Scale bar: 100 μm.
T. Ha et al. / Developmental Biology 397 (2015) 18–3022
common developmental processes and/or transcriptional control
mechanisms. Paraclique, k-Clique Communities, and other clique-
based clustering algorithms generally tend to produce superior
results (Eblen et al., 2009; Jay et al., 2012) and are highly resistant
to false positives, as compared to commonly used, and less
computationally demanding, clustering methods.
Paraclique analysis produced 473 clusters with 12,074 tran-
scripts for B6 data, and 469 clusters with 10,095 transcripts for D2
data, using a correlation coefﬁcient threshold of 0.9 (Fig. 4A). The
cluster size ranged from 10 to 381 transcripts (Fig. 4B). Each
paraclique (cluster) represents a group of transcripts whose
expression pattern is highly correlated, either positively or nega-
tively, over time. To illustrate this pattern, we generated a
“signature” for each paraclique by averaging the expression value
of each paraclique element at each time point. Such a signature
shows the expression proﬁle across time for the paraclique as a
whole (Fig. 4C). In order to examine the hypothesis that high
correlation of temporal expression patterns among paraclique
members is due to common developmental processes, we utilized
the DAVID Bioinformatics Database (Huang et al., 2009) to perform
Gene Ontology (GO) enrichment analysis. Many of the paracliques
showed enrichment for brain and development related categories,
indicative of common developmental processes and/or transcrip-
tional control mechanisms (Fig. 4D). Further, detailed anatomical
analysis with ISH and ISH databases revealed that many of the
genes have expression in the same cell type or in cells derived
from the same progenitor pool (Fig. 4E).
A network of differential and conserved gene interactions in
cerebellar development
Finally, we explored the predictive interactions of genes by
using a recently developed comparative dynamical system model-
ing (CDSM) approach (Ouyang et al., 2011) which identiﬁes causal
relationships or “interactions” by an ordinary differential equation
that calculates the expression rate of a target gene (effect) as a
function of expression level of other regulatory genes (cause).
CDSM provides a statistical testing framework to determine if
interactions between genes are “conserved” over time or “differ-
ential” among observed time windows. We focused our analysis on
Fig. 4. The paraclique-based clustering approach identiﬁed groups of genes with similar temporal expression patterns over cerebellum development. (A) The distribution of
Pearson correlation coefﬁcients across all pairwise comparisons between microarray probes in the B6 strain. For paraclique-based clustering, we calculated all pairwise
Pearson correlations between probes in the microarray data across developmental time points. As expected, both the B6 and D2 data showed a reasonably normal probability
distribution. Based on the distribution, we used a threshold of correlation coefﬁcient of 0.9 and a proportional glom factor of 0.9 to generate paracliques. (B) The distribution
of number of genes in paracliques. 70% of paracliques had 20 genes or fewer and only 15 paracliques contained more than 100 genes. (C) Signature expression pattern of
paraclique 3. In a paraclique, all genes have high correlation with each other across time. These correlations are both positive and negative. A paraclique can thus be divided
into two groups of correlates. Genes in one group have high positive correlation with each other and high negative correlation with genes in the other group. A signature
expression pattern is the average expression value of all the members of each group at each time point, and represents the expression proﬁle across time for the cluster as a
whole. Because of the negative correlations, the behavior of two groups of genes in a paraclique tends to appear as mirror images of each other. Each paraclique exhibited a
distinct expression proﬁle, with different paracliques exhibiting widely varying signatures. (D) Gene ontology-based enrichment analysis of paraclique 3. The top 10 most
enriched GO terms with lowest p-values are shown. Paraclique 3 from the B6 strain contains 271 members including Eomes, Plxnb2, Pcsk9 and Lhx9 and the GO analysis of
the cluster showed enrichment for brain- and development-related categories. Although certain portions of the correlation in the temporal domain could be due to general
developmental processes such as cell/tissue growth and proliferation, the highly signiﬁcant p-values for brain-speciﬁc categories indicate that a large portion of paraclique
3 members may have common regulatory mechanisms. (E) In situ analysis of paraclique 3 member genes: Eomes, Plxnb2, Pcsk9, and Lhx9. These genes in paraclique 3 show
high correlation of expression pattern over time. Though the spatial expression patterns of these genes seemed different at E15.5, they are all expressed in the cell types that
emerge from the rhombic lip. Scale bar: 100 μm.
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1435 known transcription factors (TFs) in the mouse genome
(Fulton et al., 2009; Vaquerizas et al., 2009). First, the entire time
series data were grouped into three developmental stages – early
embryonic (EE, E12.5–E14.5), late embryonic (LE, E15.5–E18.5) and
postnatal (PN, P0–P9) (see Fig. 1C) and the full set of TFs were
clustered based on their expression patterns. By applying CDSM on
time series data, we identiﬁed conserved and differential interac-
tions among gene clusters across three developmental stages. For
the B6 strain, 669 signiﬁcant differential and 83 conserved inter-
actions were detected, while for the DBA strain, the CDSM analysis
revealed 733 signiﬁcant differential and 140 conserved interac-
tions among the gene clusters (p-valuer0.05). These identiﬁed
interactions constituted a predicted transcriptional regulatory
network underlying cerebellar development (Fig. 5A). To test the
validity of these gene interactions, we utilized the Pax6SEY mutant
microarray data in CbGRiTS. We considered each regulatory
relationship (not necessarily direct) from Pax6 to its target genes
identiﬁed from the mutant microarray data and examined
whether such interactions were also present in the CDSM analysis
result. For the majority of differentially expressed TFs in the
Pax6SEY cerebellum, at least one transcript of each target gene
was indeed included in a cluster downstream of the Pax6-
containing cluster in the CDSM predicted networks (Fig. 5B).
Speciﬁcally, we found that Pax6 positively regulates Tbr1 and
Eomes, key genes in cerebellar development (Fink et al., 2006; Ha
et al., 2012). The in situ analysis of Tbr1 and Eomes in Pax6SEY
cerebellum revealed marked downregulation in mutant compared
to wild-type cerebellar tissue during embryogenesis (Fig. 5C).
Cerebellar gene regulation in time and space (CbGRiTS)
web-based resource
In order to increase the utility of our time series transcriptome
as a resource for researchers, we created an online tool to
utilize our transcriptome data and informatics analyses. The
CbGRiTS database contains the main cerebellar developmental
time series microarray data and statistical analyses for B6, D2 and
14 complementary BXD RI mouse strains at 3–7 representative
time points (E12.5, E15.5, E18.5, P0, P3, P6 and P9) as well as the
transcriptome data and analyses for three mutants that target the
granule cell population [the Math1 KO (E15.5), Pax6 KO (E13.5,
E15.5 and E18.5), and meander tail (E15.5)]. To allow for the
exploration of these transcriptome data and analyses, we built
several features into the database (Fig. 6). First, we incorporated
three bioinformatics analyses into the CbGRiTS database (see
above) that allow researchers to explore the time series expression
data and construct or test hypotheses regarding a transcript's
involvement in speciﬁc processes of cerebellar development. This
can be achieved by employing either an interactive, developmental
event-centric approach to go from a speciﬁc developmental event
or process to a reﬁned list of candidate genes through an iterative
process or a gene-centric approach where the user is provided
with pre-deﬁned lists of genes with common temporal expression
patterns or predicted causal relationships (Fig. 6). To facilitate the
usage of the DEM analysis, we developed a tool called Transcrip-
tome Explorer (Fig. 6B) which can be used to identify genes
involved in temporally speciﬁc developmental processes by super-
imposing the time frame of developmental processes and the one
predicted by DEM (Fig. 6B). In addition, to facilitate the exploration
of the paraclique clustering and CDSM analyses results, we devel-
oped an advanced search functionality which allows users to
retrieve paraclique or CDSM cluster memberships of interested
genes from the website (Fig. 6C). Second, we incorporated a graph
function to plot expression levels of genes for convenient and
prompt evaluation of temporal expression patterns (Fig. 6D). Third,
we built gene-list functionality for import, export and save
(Fig. 6E). This feature enhances the usability of the CbGRiTS
database and allows users to compare and contrast between
groups of genes. Fourth, the CbGRiTS database includes a collec-
tion of phenotypic data on the cerebellum for the B6 and D2
strains and the BXD lines that have been constructed from these
parental strains (Fig. 6). Histological data from the embryonic
cerebellum in B6 and D2 strains and adult data that include
estimates of cerebellar volume and Purkinje cell number are also
available online. The combination of phenotypic data and the set
Fig. 5. Comparative dynamical system modeling (CDSM) revealed a network of conserved and differential gene interactions during cerebellar development. (A) CDSM
predicted causal relationships among transcripts via their temporal expression patterns. A sub-network originating from a cluster with the transcription factor Pax6 is
shown. Each circle represents a group of transcription factors (with their names and Illumina probe IDs) with similar expression patterns and each directed line represents
paths detected by CDSM analysis. The network is composed of detected conserved (green) and differential (blue) interactions across (early and late) embryonic and postnatal
development of the cerebellum. The network analysis with the differentially regulated genes from Pax6SEY microarray from the CbGRiTS database showed that at least one
path (not necessarily direct) linking the differentially regulated genes from the Pax6SEY microarray data to the Pax6-containing cluster was identiﬁed in the CDSM result. The
advanced search function can also be used to explore CDSM predicted gene interaction networks. (B) The predicted phase transition diagram of Pax6 and Tbr1 reveals their
differential associations demonstrated by their dynamics during two developmental stages – early embryonic (blue) and late-embryonic-and-postnatal (red). Each point
represents one replicate. For example, there are three points with label E17 indicating three replicates of measurements of the two genes at embryonic day 17. The numbers
after the gene names are Illumina probe ID. Two different DSMs were obtained by CDSM for the entire system at each stage. Model simulation generated the ﬁtted dynamics
between this pair of genes during the two stages. The predicted early embryonic dynamics (blue dashed line) suggests strong up-regulation of Tbr1 associated with an
increasing expression level of Pax6, while the predicted late-embryonic-and-postnatal dynamics (red solid line) indicates considerable down-regulation of Tbr1 associated
with a high level of Pax6. (C) The decreased in situ gene expression of Tbr1 (E15.5) and Eomes (E18.5) in a Pax6 KO mutant mouse. These ﬁndings indicate that Tbr1 and
Eomes are up-regulated by Pax6, conﬁrming that the CDSM analysis is able to capture biologically relevant gene interactions. Scale bar: 100 μm.
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of expression data in the BXD strains will serve as an entrée into a
systems genetics analysis (Jansen and Nap, 2001; Brem et al.,
2002; Bystrykh et al., 2005; Chesler et al., 2005) of cerebellar
development. The combination and integration of these diverse
biological data will create a new level of synergy in discovering
novel genes and linking them to crucial developmental processes.
Fifth, we have developed an animation of cerebellar develop-
ment and a prototype 3D modeling and visualization tool set that
can store, visualize and compare spatial patterns of gene expression
through development of the cerebellum (Fig. 6F; Visualization
menu at cbgrits.org). For this, ﬁrst we created a standardized set
of space/time coordinates and developed the tools to ﬁt spatial gene
expression data from 3 cerebellar cell-type deﬁning genes (Calb for
Purkinje cells and Pax6 and Zic1 for granule cells) to the coordin-
ate system. The gene expression information is stored as density
values with space/time addresses, which allows the user to query
Fig. 6. The CbGRiTS web-based resources and tools. (A) The CbGRiTS database integrates the time series microarray resource, complex bioinformatics analyses, and various
tools and offers two distinct ways to explore the database: a developmental event-centric approach through Transcriptome Explorer or a gene-centric approach through
Advanced Search Function. Transcriptome Explorer, a web interface, allows users to start from a speciﬁc developmental event or process and obtain a reﬁned list of candidate
genes through an iterative process. Advanced Search Function enables users to take a gene-centric approach, where the user starts from a gene of interest and obtains lists of
genes with common temporal expression pattern or predicted causal relationships in cerebellar development. Once a set of interesting genes is obtained, users can take
advantage of various tools and functions in CbGRiTS such as graphing, gene list function, morphological data resources, 3D modeling and visualization resource, and link-out
utility to external databases. Together these features and tools make CbGRiTS database a unique web-based resource that lets users examine gene expression in temporal as
well as spatial domains and enables hypothesis testing and screening for novel genes and pathways in nervous system development. (B) The Transcriptome Explorer web
interface enables exploration of the DEM analysis. The input is a time window of interest set by the user and the output is a list of genes whose expression pattern matches
DEM-predicted turn-on and -off times. An expression level ﬁlter (e.g. one can ﬁlter out transcripts with 2Zþ8 expression level lower than 7.0) is implemented and exemplary
developmental events of the cerebellum are also listed. Therefore, a researcher interested in speciﬁc developmental events or processes can designate the developmental
time window and obtain possible candidate regulator genes for them. (C) Advanced search function of CbGRiTS database. The advanced search function allows users to
explore paraclique clustering data and retrieve paraclique or CDSM memberships of interested genes. The expression level ﬁlter can be used in tandem to reﬁne the search
outcome. (D) An example of a plot generated by CbGRiTS. The graphing function enables users to plot the expression pattern of multiple genes online. (E) The web interface
for gene list manipulation. The gene list function allows each user to create and save gene lists so that various gene lists can be compared and contrasted from different time
windows and other searches and analyses. (F) CbGRiTS permits examination of spatial patterns of gene expression through development of the cerebellum with 3D model
visualization. (F1–F3) Snapshots of the 3D model of cerebellar development. (F4) Snapshots of the 3D model viewer program showing a space-ﬁlled model of Calbindin
expression.
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the database relative to both spatial and temporal relationships.
The viewer displays the data as a 3D space-ﬁlled model that can be
rotated and scaled interactively (Fig. 6F). The standardization of a
space/time coordinate system of cerebellar development ensures
compatibility between the existing data and future or user-
submitted data entries. The 3D modeling and visualization resource
provides an interactive, predictive modeling environment for
exploration and visualization of multiple sets of gene expression
patterns through developmental time. Lastly, we built in the link-
out functionality to Allen Brain Atlas (Lein et al., 2007) and
GenePaint (Visel et al., 2004) to allow exploration of in situ
hybridization databases for the developing brain (Fig. 6). With
these features, users can quickly examine the expression pattern
of genes of interest.
Discussion
The present resource is one of the largest transcriptome data-
bases of a single structure (over 15M gene expression measure-
ments) in the mammalian brain over embryonic as well as postnatal
time points. The public CbGRiTS database is the product of merging
developmental biology with high throughput technologies and
bioinformatics and offers a large resource for the neurodevelop-
mental biologist to explore and gain insights into the changing
transcriptome over time as key cellular events shape the cerebel-
lum. The ﬁndings from CbGRiTS can be applied to other brain region
such as cortex and hippocampus as there is a conservation of
genetic program between developing structures in the brain
(Hevner et al., 2006). Furthermore, the anatomical ISH databases
such as the Allen Brain Atlas (Lein et al., 2007), GenePaint (Visel et
al., 2004) and Gensat (Heintz, 2004) make it possible to explore the
spatial expression pattern of numerous genes in silico. Other gene-
centric databases such as SynapseDB (Hadley et al., 2006), Ethanol-
related gene resource (ERGR) (Guo et al., 2009), and Knowledgebase
for Addiction-related Genes (KARG) (Li et al., 2008) provide lists of
genes and resources for the speciﬁc area of interest. The CbGRiTS
resource provides multiple datasets that are highlighted by deep
time course gene expression information and enhanced with
mutant and recombinant inbred strain transcriptome data as well
as other phenotypic data and visualization tools. There are other
existing databases on discrete brain regions such as the neocortex
(Belgard et al., 2011; Bernard et al., 2012), retina (Siegert et al.,
2009), hypothalamus (Shimogori et al., 2010) postnatal cerebellum
(Sato et al., 2008), developing human brain (Johnson et al., 2009),
and synapse-enriched samples from the mouse hippocampus
(Cajigas et al., 2012). The integrative use of these databases should
supply an invaluable set of resources that will allow for the analysis
of brain region speciﬁcity and common motifs in the study of
interacting genes or pathways.
An important feature of the CbGRiTS resource is the availability
of two inbred mouse strains, C57BL/6J and DBA/2J, and recombi-
nant inbred BXD strains. The two parental strains can be used to
crosscheck for positive signals to ﬁlter out false positives. On the
other hand, signiﬁcant and reproducible expression proﬁle differ-
ences between the two strains will be important validation to
identifying genes responsible for strain differences. The availability
of BXD lines at representative time points (E12.5, E15.5, E18.5, P0,
P3, P6 and P9) opens a new door to the application of complex
genetics of development using the vast adult microarray data from
various regions of the brain, including the cerebellum, and the
phenotypic data that largely focuses on behavior (Jansen and Nap,
2001; Brem et al., 2002; Bystrykh et al., 2005; Chesler et al., 2005).
Furthermore, the CbGRiTS database is seen as a dynamic and
growing web resource that accumulates quantitative anatomical
data such as size of the cerebellum and number of cells in speciﬁc
neuronal populations as well as other community cerebellum
expression data such as the transcriptomes of Rorasg mutant
(Gold et al., 2003) and Zic KO mice (Blank et al., 2011). The
intersection of genomic, transcriptomic and phenotypic datasets
is a rich resource for the functional genomics of brain develop-
ment (Jansen and Nap, 2001; Brem et al., 2002; Bystrykh et al.,
2005; Chesler et al., 2005).
The three informatics analyses, DEM modeling, paraclique
analysis and CDSM modeling, performed on the CbGRiTS resource
provide representative analyses that take advantage of the time
series aspect of the dataset and each has its own strengths and
weaknesses. The DEM is a powerful tool for analyzing complex
dynamical systems (Hirsch et al., 2013) such as cerebellar devel-
opment that involves the coordinated regulation and expression of
thousands of genes. It provides an explicit model for the inﬂection
points in time series gene expression data (Zhang et al., 2012). The
numerical solution of DEM for tens of thousands of genes is
computationally intensive. However, accurate and robust estima-
tion of the key parameters that characterize the dynamic gene
regulation can be achieved with high-performance optimization
algorithms. Clustering techniques based on graph theoretical
algorithms have numerous advantages over traditional methods.
Clique-centric strategies tend to be especially effective. They are
resistant to false positives, and naturally accommodate pleiotrop-
ism through overlap for a systematic and comprehensive study
(Jay et al., 2012). The effects of noise, which is inevitably present in
experimental data, can generally be overcome by slightly relaxing
the extreme stringency of cliques. We employed the paraclique
algorithm (Chesler and Langston, 2006), a top-down and highly
efﬁcient noise abatement strategy roughly analogous to the well-
known but considerably slower bottom-up k-clique communities
method (Palla et al., 2005). Finally, comparative dynamical system
modeling is sensitive to change in differential gene interactions
indicative of transcription network rewiring. Through a hetero-
geneity F-statistic, it can effectively capture noisy nonlinear inter-
actions by modeling the rate of change in gene interactions, while
the few other related methods such as differential correlation
(Fukushima, 2013) are not designed for dynamical systems and
limited by their assumptions of linearity and simple noise char-
acteristics, as demonstrated by Ouyang et al. (2011). Detected
network association on the cerebellar gene expression time
courses could thus provide valuable insight into changed tran-
scription regulatory mechanisms during cerebellar development
and across mouse strains.
We present the CbGRiTS Database as an accessible, multi-level,
and interactive platform to explore and examine gene expression
patterns of developmentally regulated genes in time and space
and an outstanding resource for functional investigation of gene
regulatory networks in cerebellar development. We integrate the
time series microarray resource, bioinformatics analyses, morpho-
logical data, 3D modeling and other tools such as graphing, gene
list function, and link-out utility to other anatomical ISH databases
into a single web-based database. Together, these features and
tools implemented in the CbGRiTS database are a powerful
resource for neurodevelopmental biologists to explore data, gen-
erate hypotheses and test these hypotheses relative to the genetic
underpinnings of cerebellar development.
Materials and methods
Mice and tissue collection
Females were exposed to males of the same genotype for
4 hours, midway through the light-phase, for timed-pregnant
matings of C57BL/6J, DBA/2J and BXD recombinant inbred mice.
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Detection of a vaginal plug deﬁned embryonic day 0 (E0) and all
subsequent gestational ages were determined from this time
point. Mice were housed in a room with 12/12 h light/dark
controlled environment. The use of mice was in accordance with
NIH guidelines and was based on IACUC and CCAC approved
protocols at the University of Tennessee HSC and the University
of British Columbia.
We prepared whole cerebellar tissues for RNA expression
analysis from C57BL/6J and DBA/2J strains across the full develop-
mental time series at daily intervals from E12.5 to E18.5 and
postnatally at 3-day intervals from P0 to P9. For 14 BXD recombi-
nant inbred strains, whole cerebellar tissues were collected at 3-
day intervals from E12.5 to E18.5 and P0 to P9. The cerebellumwas
isolated from each embryo, pooled with littermates, and snap-
frozen in liquid nitrogen. Three-to-four replicate pools of 3–10
whole cerebellar samples were collected and processed for total
RNA extraction. Care was taken to avoid thawing prior to homo-
genization of the tissue in RNASTAT60 (Tel-Test Inc., Friendswood,
TX). The tissue was disrupted by passage through a 23G syringe
needle and then passed over a Qiashredder column to ensure
complete disruption. The homogenate was cleared by centrifuga-
tion and the RNA precipitated from the supernatant with isopro-
panol. RNA pellets were sent to Genome Explorations (Memphis,
TN; URL: http//www.genome-explorations.com) for quality control
(QC) and preparation for expression analysis. The RNA was
resuspended, quantiﬁed, and the RNA integrity was veriﬁed using
an Agilent Bioanalyzer 2100.
Microarray
Labeled cRNA was generated and hybridized using the Illumina
Mouse 6 v1.1 and v2.0 Beadchip array. Each chip served as an
independent hybridization experiment and three to four pooled
samples were analyzed for each time point and strain. Once the
microarray results were obtained, the Rank Invariant normal-
ization algorithm was used in BeadStudio v3.0 to extract the
expression values. These results were then log2 transformed,
followed by a 2Zþ8 Z-score stabilization (Geisert et al., 2009).
Scatter plots were then generated in DataDesk as an additional
quality control measure to identify noisy microarrays (correlation
coefﬁcient of lower than 0.97 with other biological replicates) that
were eliminated from further consideration. The quality controlled
dataset was then used for all subsequent analytical procedures.
The CbGRiTS dataset is also available from Gene Expression
Omnibus (GSE60437). The microarray data for cerebellum mutant
strains are described elsewhere (Ha et al., 2012).
In situ hybridization and qRT-PCR for analysis of candidate gene
expression
For in situ hybridization (ISH), E15.5 and E18.5 embryos were
decapitated and whole heads were immersion ﬁxed for 1–2 hours
in 4% paraformaldehyde made with DEPC treated water, cryopre-
served in 20% sucrose, and quick-frozen in OCT (Fisher) for
cryosectioning.
The cRNA probes were generated from a cDNA library gener-
ated from the E15.5 and P0 mouse brain using Invitrogen cDNA
synthesis kit (Invitrogen). We used M13F and M13R primers to PCR
amplify templates directly from plasmids (pGemT, Promega) that
contained the target gene. The obtained PCR yield was directly
used as a template to generate the Dig-labeled cRNA probe.
Embryonic tissues were sagittally cryosectioned, mounted on
Superfrost™ slides (Fisher), air-dried and stored at 80 1C until
use. The ISH was performed at 55 1C overnight in a hybridiza-
tion buffer containing about 300 ng/ml of Dig-labeled cRNA probe
following standard protocols (Ha et al., 2012). Slides were
colorized with NTP/BCIP (Roche). Detailed methods of qRT-PCR
are described elsewhere (Ha et al., 2012).
Analysis of cerebellar morphology
Morphologic analyses were conducted both during develop-
ment and in adult animals in B6, D2 and BXD RI strains. The
developmental analysis used tissue from embryos or neonates
from the same litters as used for microarray analysis and thus, the
same breeding schemes were used. Embryonic tissue was col-
lected and immersion ﬁxed in acetic acid:ethanol (1:3) while
tissue from neonatal animals was ﬁxed (in the same ﬁxative) via
cardiac perfusions. Tissue was embedded in parafﬁn using stan-
dard protocols and sectioned on a rotary microtome at 8 μm. Every
20th section was mounted on slides and stained with cresyl violet
for analysis. The following measures were taken: (1) volume of the
cerebellum as a whole, (2) volume of the EGL, (3) density of cells in
the EGL and (4) density of cells in the cerebellum.
Adult animals were also intracardially perfused as described
above. The cerebellum was dissected out and cryosectioned at
20 μm. One series of sections was immunolabeled with an anti-
Calbindin antibody following standard avidin-biotin immunocyto-
chemical procedures and used to determine numbers of Purkinje
cells. A separate series of sections was stained with cresyl violet
and used to measure the density of granule cells and molecular
layer interneurons, as well as the volume of the (1) cerebellum as a
whole, (2) molecular layer, (3) IGL and (4) cerebellar white matter.
All volumetric measures were taken using the Neurolucida
Image Analysis software from Microbrightﬁeld. All Purkinje cells
were counted from selected sections and then used to calculate
the total cell number using the Abercrombie correction factor.
Density of other cell types was determined by counting all neurons
within a grid and using the density and volume to estimate total
number as done for Purkinje cells (Abercrombie, 1946).
Bioinformatic tools for gene ontology categorization and
hierarchical clustering
For Gene Ontology category analysis of identiﬁed differentially
regulated genes from microarray data analysis, DAVID bioinfor-
matics Resources 6.7 (http://david.abcc.ncifcrf.gov/) was used
(Dennis et al., 2003). The ﬁltered gene list was entered via a web
interface and the results were downloaded directly from the
website. Hierarchical clustering was performed with the Hierarch-
ical Clustering Explorer program (http://www.cs.umd.edu/hcil/
hce/) with default settings. The detailed statistical approach of
differential equation modeling, paraclique clustering analysis, and
comparative dynamical system modeling are described in the
supplemental methods.
Estimation of gene turn-on and off time with differential
equation modeling
To determine the key parameters of turn-on (ti1) and turn-off
(ti2) time of genes during the cerebellum development, we used
differential equation modeling. Our transcriptome proﬁling of
developing cerebellum produced a temporal sequence of expres-
sion levels EiðtÞ for each gene i in B6 and D2 strains. We adapted a
kinetic model (Sasik et al., 2002) by allowing non-zero basal
transcription and determined the critical parameters characteriz-
ing each gene expression proﬁle.
A ﬁrst order differential equation was used to model the
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where RiðtÞ is a gene-speciﬁc transcription regulation term, and wi
is a gene-speciﬁc decay rate. It is reasonable to assume the






where Si⪢Bi, i.e. there are two levels of regulation – basal
transcription Bi and stimulated transcription Si that starts at ti1
and ends at ti2.





















This solution is characterized by the ﬁve parameters ,ti1, t
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and wi. To determine the parameters, we ﬁtted the solution with











where Ei ¼∑tEiðtÞ=Nt is the average expression level of gene i, Nt
is the number of time point.
Clique-based clustering approach to dynamically expressed genes
To construct a data structure suitable for graph algorithm
clustering, we ﬁrst calculated all pairwise Pearson correlations
between microarray probes across developmental time points. In
most analyses, such correlations are expected to follow a reason-
ably normal probability distribution, and indeed, that is the case
for both the B6 and D2 data (Fig. 1A). Such correlations constitute
edge weights in a graph, the vertices being probes. To convert from
a weighted to an unweighted graph, we selected a correlation
threshold of 0.9 and retained those edges with magnitudes at or
above this threshold, discarding edges with weights below the
threshold. Selecting an ideal threshold for such graphs has been
the subject of recent study (Zhang and Horvath, 2005; Borate et al.,
2009; Perkins and Langston, 2009), but it remains for the most
part analogous to the selection of p-value to determine signiﬁ-
cance. A threshold of 0.9 yields an exceptionally low correlation
p-value over the 12 and 13 time points of the B6 and DBA data,
which translates into the expectation that dense subgraphs will
have very low rates of false positives. Once we obtained an
undirected graph, we applied the paraclique algorithm(Chesler
and Langston, 2006), which works by iteratively extracting ﬁrst a
maximum clique, then adding vertices connected to some pre-
determined percentage of the vertices in this clique. The percen-
tage chosen is called the “proportional glom factor.” We used a
factor of 0.9 for both strains, meaning that new vertices must be
connected to 90% or more of the vertices in the original maximum
clique to become part of the resulting paraclique. Once such a
paraclique was identiﬁed, it was removed from the graph and the
process continued. Thus, in this fashion, the paraclique algorithm
allowed us to obtain a collection of clusters, all the while preser-
ving density and unraveling excessive clique overlap.
Comparative dynamical system modeling (CDSM) to identify
differential and conserved interactions
CDSM is a recently developed computational method to iden-
tify conserved and differential gene interactions in time course
transcriptome data (Ouyang et al., 2011), where CDSM demon-
strated its effectiveness in nonlinear and noisy interactions over
alternative approaches such as differential correlation. In a dyna-
mical system model, the rate of change of a target gene is
calculated by a nonlinear ordinary differential equation (ODE) of
its regulators. CDSM studies two ODEs involving the same set of
genes across two or more conditions. Conserved interactions share
the same regulatory mechanisms represented by identical ODEs
while differential ones differ in coefﬁcients in the ODE describing
interaction strength. CDSM uses a decomposition rule to derive
homogeneity and heterogeneity of interactions from total interac-
tion strength across conditions. Homogeneity and heterogeneity
are two F-statistics measuring similarity and difference of an
interaction across conditions based on observed time course data.
The ﬁrst F-statistic Fc measures homogeneity by indicating how
well a single homogeneous interaction model can explain pooled
data observed under differential conditions. Another F-statistic Fd
measures heterogeneity by indicating how interactions under each
condition deviate from the homogeneous interaction model.
Another F-statistic Ft measures total activity of the interactions
under both conditions. In the decomposition rule we have
log ð1þrtFtÞ ¼ log ð1þrcFcÞþ log ð1þrdFdÞ
where rt , rc , rd are determined by the degrees of freedom of the F-
statistics deﬁned in Ouyang et al. (2011). We use Ft to select the
most active gene interactions in a gene network. Then we label an
interaction as differential if the p-value of Fd is signiﬁcant
(po0.05); we call an interaction conserved if it is not differential
and the p-value of Fc is signiﬁcant (po0.05). CDSM requires
sufﬁciently sampled time course data for accurate estimation of
the rate of gene expression.
To identify an active transcription regulatory network for
cerebellar development, we included in our analysis all 1435
known mouse transcription factors (TF) that have been reported
in the literature (Fulton et al., 2009). Transcripts from these TFs
and their alternative splicing variants as well as duplicate copies
were grouped into 291 clusters for the DBA mouse strain and 251
for the B6 strain by linear correlation of the time courses of each
transcript. A representative is selected for each cluster such that it
best characterized the time course of transcripts in that cluster.
CDSM was then applied to the time courses of the cluster
representatives.
We divided the cerebellar development time course into three
stages: early embryonic (EE), late embryonic (LE) and postnatal
(PN). This division enabled the comparison of interactions
between EE and LEþPN, LE and EEþPN, PN and EEþLE. The same
comparisons were applied to both the DBA and B6 mouse data. In
CDSM analysis, we allowed each cluster to have at most two
regulatory clusters and an interaction is detected at the p-value of
less than 0.05. After applying CDSM on time course gene expres-
sion data during cerebellar development in the B6 and DBA mouse
strains, we identiﬁed conserved and differential gene interactions.
To validate the CDSM results, we compared the detected gene
interactions against those obtained from an independent gene
expression microarray experiment on Pax6 KO mutant mice.
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